Ocean tsunami or the 2011 Japan earthquake and tsunami, have highlighted the need for effective risk management. Remote sensing is a relatively new method for risk analysis, which shows significant potential in conducting spatially explicit risk and vulnerability assessments. In order to explore and discuss the potential and limitations of remote sensing techniques, this paper presents a case study from the tsunamiaffected Andaman Sea coast of Thailand. It focuses on a local assessment of tsunami hazard and vulnerability, including the socio-economic and ecological components. High resolution optical data, including IKONOS data and aerial imagery (MFC-3 camera) as well as different digital elevation models, were employed to create basic geo-data including land use and land cover (LULC), building polygons and topographic data sets and to provide input data for the hazard and vulnerability assessment. Results show that the main potential of applying remote sensing techniques and data derives from a synergistic combination with other types of data. In the case of hazard analysis, detailed LULC information and the correction of digital surface models (DSMs) significantly improved the results of inundation modeling. The vulnerability assessment showed that remote sensing can be used to spatially extrapolate field data on socio-economic or ecological vulnerability collected in the field, to regionalize exposure elements and assets and to predict vulnerable areas. Limitations and inaccuracies became evident regarding the assessment of ecological resilience and the statistical prediction of vulnerability components, based on variables derived from remote sensing data.
Introduction
In recent years the world has been struck by several tsunami disasters. The 2004 Indian Ocean tsunami was one of the deadliest natural disasters ever. 2010 Samoa and Chile respectively were hit by destructive tsunami waves, while in 2011 the east coast of Japan was devastated by the Tohoku Earthquake and subsequent tsunami, the impact of which further led to a nuclear catastrophe. These events highlighted the need for improved methodologies for tsunami risk assessment, management and mitigation. As a consequence in recent years, much effort has been put into the improvement of methods, data and techniques for tsunami risk assessment and for establishing new technologies for tsunami impact mitigation (Strunz et al., 2011; Basher et al., 2006; Post et al., 2008; Taubenböck et al., 2008 Taubenböck et al., , 2009 . These studies provided comprehensive analyses of tsunami risk, emphasizing the potentials of applying remote sensing techniques as a tool for supporting risk assessment at regional and local scales. However, there are still important challenges in this research field that need to be further addressed: These include, among others, the development of transferable methods on the one hand and to improve the accuracy of results derived from remote sensing, on the other hand.
The present study deals with the application of remote sensing in hazard and vulnerability assessment and discusses the potential and limitations resulting from the use of these data on a local scale. The work was carried out in the context of the bilateral research project TRAIT (Tsunami Risks, Vulnerability and Resilience at the Phang-Nga and Phuket provinces, Thailand), in which risk is defined as a combination of hazard and vulnerability of an affected system (Wisner et al., 2004) . Thus, the study comprises three parts: (a) an analysis of the tsunami hazard and the analysis of vulnerability of (b) the socio-economic system and (c) the ecological system. Vulnerability is further composed of the three dimensions of exposure, sensitivity and resilience (Turner et al., 2003) . Exposure describes the elements in a certain area that are at risk when a specific stress factor impacts upon this area (UNDP-BCPR, 2004) . Sensitivity is defined as the degree to which an exposed element is affected by the impact of a natural disaster or external shock (Clark et al., 2000) , whereas resilience describes the ability of an exposed element to absorb or resist the impact that could result from a disaster by using available resources and capabilities (UN/ISDR, 2004; Adger et al., 2005) . The following three sections provide a short overview on the state of the art regarding the role of remote sensing techniques and data in tsunami hazard and vulnerability analysis.
Tsunami hazard analysis
Numerical tsunami propagation and inundation modeling is a common tool used in tsunami hazard analyses, as it provides information on wave travel time, wave heights, inundation extents, water depths on land as well as current velocities, which are important hazard parameters for damage (potential) analyses. However, to model inundation with a resolution detailed enough for local tsunami risk and vulnerability assessment, very accurate input data regarding tsunami sources, ocean and near-shore bathymetry, topography as well as information on land cover (LC) and obstacles that might influence inundation patterns are required (see e.g. Taubenböck et al., 2009) .
Remote sensing has been widely used to generate some of these input data for numerical tsunami inundation modeling and for visualizing and mapping inundation extent (e.g. McAdoo et al., 2007; Schlurmann et al., 2011; Suppasri et al., 2011; Taubenböck et al., 2009) . Even beyond tsunami hazard analyses, remote sensing data, and especially remote sensing generated terrain data have been applied, tested and validated in hydrological analyses or in the context of flood modeling at rivers and coasts (e.g. Bates , 2004; Coveney et al., 2010; Haase and Froscher, 2005; Li and Wong, 2010; Mård Karlsson and Arnberg, 2011; Sanders, 2007) . These studies showed that the main application of remote sensing data and techniques in hazard analysis is to derive elevation data and to extract LC information, such as vegetation classes or buildings in order to represent the spatial distribution of bottom roughness influencing overland flow.
In the determination of inundation extent and inundation depth in low lying areas, where small changes in topography significantly affect hydrological processes and inundation patterns, the use of accurate topographic data becomes particularly important (Gesch, 2009; Sanders, 2007; Coveney et al., 2010) . Many studies have shown that highresolution topographic data are a prerequisite for detailed, local tsunami modeling (Schlurmann et al., 2011; Taubenböck et al., 2009; Kongko et al., 2008; Liu et al., 2002) . However, there is also a demand for using and improving elevation models with a lower resolution, since they are relevant for rapid assessments or assessments performed for larger areas. Moreover, they are an important data source where in-situ or high-resolution data are missing (Mård Karlsson and Arnberg, 2011) . Therefore, the possibilities of integrating spatial data and numerical models as well as the influence of the spatial resolution, accuracy, and character of different DEMs on tsunami inundation modeling should be explored.
Besides the topography, LC-inducing bottom roughness has shown to significantly influence inundation patterns (Gayer et al., 2010; Jakeman et al., 2010; Kaiser et al., 2011) . Remote sensing is supposed to be a useful source to derive land use and land cover (LULC) maps required to account for the spatial distribution of bottom roughness induced by patches of dense vegetation, water bodies, streets or buildings.
Socio-economic vulnerability
For simulating impacts of natural hazards on population, the availability of detailed data on the socio-economic situation, i.e. the distribution of population or economic assets, is crucial. Especially in developing and emerging countries, accurate official data on micro-level are rarely available. In recent years high-resolution remote sensing data offer the possibility to fill this gap. According to Taubenböck et al. (2008) , the use of Earth observation data for disaster prevention involving the assessment of socio-economic vulnerability can be still considered as a new and challenging field of research.
The distribution of population is essential information for socio-economic vulnerability assessments. Methods for population estimation based on remote sensing data have been developed since the first aerial photographs were taken. Already in the 1950s, dwelling units were counted for population estimation (Green, 1956) and in the 1980s, Monmonier and Schnell (1984) combined LULC classifications with population information. In general these approaches can be divided into aerial interpolation methods and into statistical modeling methods (Wu et al., 2005) . Recent examples can be found in Niebergall et al. (2008) and Taubenböck et al. (2009 ). Niebergall et al. (2008 Secondary official statistics to be linked to remote sensing need to be chosen carefully due to the fact that these might not state the actual population number because of nonenforced registration laws. Therefore, approaches that rely on official statistics reflect population numbers that differ from the actual population. Survey data that build on a sample of the actual population should offer a much more accurate support for remote sensing-based analysis of exposure components, such as assets or population numbers compared to the usage of official statistics combined with remote sensing.
Ecological vulnerability
There exists no consistent definition for ecological vulnerability (Williams and Kaputska, 2000; Kumpulainen, 2006; Oliver-Smith, 1996) . Birkmann and Wisner (2006) pointed out two major views on ecological vulnerability: a biocentric and an anthropocentric perspective. The bio-centric view, which was also employed in this case study, encompasses the analysis of the fragility and susceptibility of ecosystems and environmental components themselves, whereas the anthropocentric view addresses the disruption of environmental services essential for human well-being, and respectively the inter-linkages between human activities and their needs and ecosystem services and functions (Adger et al., 2005; Birkmann and Wisner, 2006) .
There are only few studies where remote sensing techniques have been applied in the context of ecological vulnerability assessments; according to Dahdouh-Guebas (2001) remote sensing can be used to assess ecological impacts, resilience or recovery and thus provide valuable information for assessing ecological vulnerability. He used high resolution imagery to investigate future developments of mangrove vegetation structure and degradation based on vegetation history and current vegetation structure in the field. Wang and Xu (2009) used multi-temporal image analysis to estimate forest vulnerability to hurricane disturbances. First, they used change detection techniques to assess forest damages; secondly, proxy indicators were defined to identify factors determining the probability of hurricane disturbances. In several studies carried out on a broader scale (e.g. landscapes, riverbasins), remote sensing served as a tool to provide LULC data, which were further analyzed in terms of composition, patterns and landscape metrics (Jones et al., 2003; Li et al., 2006; Zhang et al., 2009) .
Regarding the 2004 Indian Ocean tsunami, there has been no study conducted on a comprehensive and spatially explicit analysis of ecological tsunami vulnerability. Most studies deal with the assessment of tsunami impacts on marine and terrestrial ecosystems, particularly mangrove forests (e.g. Sirikulchayanon et al., 2008; Sridhar et al., 2006) , coral reefs (e.g. Bahugana et al., 2008) or sandy beaches (e.g. Choowong et al., 2009; Vosberg, 2010) . Ecosystem recovery was assessed by Kamthonkiat et al. (2011) and Vu (2008) , focusing on mangroves based on ASTER imagery. Chang et al. (2006) and Olwig et al. (2007) evaluated the role of mangrove forests in mitigating tsunami impacts and thus focused on the socio-ecological dimension of vulnerability. Important studies with in-situ data collections on tsunami-induced impacts and recovery of marine ecosystems at the Andaman Sea coast include those of the Department of Marine and Coastal Resources DMCR (2005) , Paphavasit et al. (2009) and Fujioka et al. (2008) .
Study area
The study area (Fig. 1 ) covers a 50 km-long coastal stripe in the Phang-Nga province of Thailand comprising the five Tambons: Ban Mueang, Khuek Kak, Laem Kaen, Thung Maphrao and Thai Mueang. The coastal area was strongly impacted by the tsunami with run-up elevations mostly ranging between 5 to 10 m. The highest values were observed near Khao Lak with 10 to 12 m and between 8 and 9 m near Ban Nam Khem. Lower run-up elevations were documented in the south, e.g. at Khao Lampi -Hat Thai Mueang National Park ranging between 3.5 to 6.5 m. Inundation distances varied from a few hundred of meters around Ban Bang Sak and Thai Mueang to more than 1.5 km near Pakarang Cape (Bell et al., 2004; Ioualalen et al., 2007; Szczucinski et al., 2006; ZKI, 2005) .
The region is sparsely populated with 78 people per km. The total population is 41 424. Three major areas can be distinguished: the northern part between Ban Nam Khem and Ban Bang Sak is dominated by the fishing village of Ban Nam Khem and the agriculture sector, whereas the central section with the villages of Khuk Kak, Bang Niang and Nang Thong, known as Khao Lak, is characterized by tourism and large hotel complexes scattered near the coast. The southern part between Tap Lamru and Thai Mueang city hosts large areas of intact coastal ecosystems, like mangrove forests and rain forests which are partial protected by the Khao LampiHat Thai Mueang National Park.
The coastal plains are divided by the foothills of the Phuket mountain range in the east, e.g. between Nang Thong and Tap Lamru. Here, coasts are predominantly rocky with cliff heights of about 50 m (e.g. Hin Chang Cape). However, west-exposed coasts are mostly built up by sand and are characterized by sequences of beach ridges which often alternate with linear swampy depressions known as swales (Pajimans, 1976) . Coasts marked by silty substrates are located near river mouths. The coastal lowland is well-drained by several smaller rivers originating in the Phuket mountain range in the east of the study area (Eichenberg-Suvarnatisha, 1991; Römer, 2011; Willroth, 2012) .
Concept and methodology

Data sets
Different earth observation data sets and derived products were employed. Digital elevation models (DEM) used include data derived from the Shuttle Radar Topography Mission (SRTM), the ASTER Global Digital Elevation Model (ASTER GDEM) and a digital surface model (DSM) derived from stereo image pairs of the Multi-functional camera MFC-3 (MFC). Optical imagery included aerial imagery from the MFC-3 as well as multi-temporal IKONOS imagery. The characteristics of the DEMs and of the 31 ground control points (GCPs), which were used in the context of the tsunami hazard analysis, are described in Table 1 .
Pre-and post-tsunami IKONOS data were acquired from the image archives of the Centre of Remote Sensing and Processing (CRISP) at the National University of Singapore (http://www.crisp.nus.edu.sg/) in Singapore and Spatial Dimension Solutions (SDS) the Andaman sea coast (Sect. 2 and Fig. 1 ): a northern part (51.55 km 2 ), a central part (60.71 km 2 ) and a southern part (84.47 km 2 ). Due to a limited availability of cloud-free images for the third acquisition date, no imagery was acquired for the southern area between Tap Lamru and Thai Mueang. Image pre-processing steps included the derivation of at sensors aperture radiance values (W m −2 µm −1 sr −1 ) from the image products (Taylor, 2009) , co-registration, pansharpening and atmospheric correction (dark object subtraction) and are further described in .
General approach
With regard to the general workflow (Fig. 2) , remotely sensed data and derived products were employed at different steps. At first, basic geo-data including building polygons, LULC as well as digital terrain models (DTM) were created from the input data sources. These derived basic geo-data sets served as basic input for the three case studies on the analysis of tsunami hazard (Sect. 3.4) and of socio-economic and ecological tsunami vulnerability (Sects. 3.5 and 3.6).
The presented methods on the assessment of socioeconomic and ecological vulnerability (Sects. 3.5. and 3.6) are referring to a large extent to the work that has been conducted and published within the TRAIT project. Therefore, the respective sections provide a short description of the methods employed. Further details on the methodology can be found in Willroth (2012) for the socio-economic vulnerability and in Römer (2011) for the ecological vulnerability.
Generation of basic geo-data
Generation of detailed LULC information
A LULC classification map was generated from the pretsunami IKONOS images using a rule-based object-oriented image classification approach. In total 38 LULC classes were distinguished, including terrestrial coastal ecosystems (e.g. mangrove forests, different types of coastal forests), agricultural area (e.g. coconut and rubber plantations), barren land and built-up area. Two hierarchical levels were applied for segmentation and classification: a lower level was used to classify small landscape objects, including single trees, tree shadows and buildings. A higher level was used to classify the different LULC classes. Sub-level information (e.g. relative area of sub-objects classified as class X) was applied in the upper level to extract high textured classes, such as coconut plantations or urban areas. Several image segmentation steps were carried out in the higher level, whereas segmentation settings were adjusted to the respective classes to be extracted. This approach led to a typical sequence of processing steps: (a) image segmentation, (b) classification of one or more classes using the rule set, (c) merging of unclassified segments and (d) a new segmentation of the merged unclassified segments. The entire rule set consists of 21 single segmentation steps (16 multi-resolution and five chessboard segmentations) and is further described in Römer et al. (2011) .
With an overall accuracy of 93.60 % and a Kappa of 0.90, the classification accuracy can be regarded as high. Furthermore, LULC data and geo-coded photos were collected during a mapping campaign conducted between October and December 2008. The photos were used for verifying LULC classification as well as results derived from change detection (Sect. 3.6).
Creation of DTMs
Three elevation data sets were prepared from the original SRTM, ASTER GDEM and MFC raster data for use in tsunami inundation modeling. All three DEMs face some limitations for inundation modeling, since they are digital surface models (DSMs), which include vegetation and settlement structures in their height description (Gesch, 2009; Hofton et al., 2006; Hirt et al., 2010; Sun et al., 2003 , Weydahl et al., 2007 . This may lead to incorrect inundation extents and water depths. Hence an analysis and quantification of the offset and its influence are necessary (Coveney et al., 2010) . Preliminary inundation simulations with the original data sets for our study areas showed that significant height offsets of up to 20 m occurred in the SRTM and MFC data, where patches of tropical forest are located. As this influenced or even inhibited the accurate estimation of inundation during modeling, elevation offsets resulting from landscape objects such as trees, or buildings had to be removed. Due to the structure of the data sets, different methodologies for DSM correction were applied. As there is an interrelation between LULC heights and the SRTM height values (Gallant and Hutchinson, 2006) , the SRTM was corrected using LULC information (Ludwig and Schneider, 2006; Lohmann and Jacobsen, 2004) . To correct the SRTM data set to a "bare ground model", the LULC classification, based on 2003 pre tsunami IKONOS imagery (see Sect. 3.3.1), was used and LULC heights, density and crown coverage (in case of trees) were measured in a field campaign ( values for every LULC class multiplied with the ground coverage were added to the LULC classification in a GIS. The final LULC map was then converted into a raster, resampled and eventually subtracted from the SRTM data according to Eq. (1). Finally, the DTM-raster was smoothed using a fillfilter algorithm (ESRI ArcGIS).
( 1) where Lh = land cover height, n = average crown ground coverage, and res. = resolution. A correction of the ASTER GDEM with LULC information was not carried out. Although deviations from the real ground elevation were obvious also in the ASTER GDEM, no systematic height offset due to LULC could be observed in the original data set in our case study. To correct the MFC DSM, GCPs were selected based on visual interpretation of the MFC DSM and the corresponding RGB-imagery and interpolated using the inverse distance algorithm. Only locations that represent the land surface were used for GCP selection. This method is very transparent and provides promising results if the point density is high. This manually created MFC data set has an average point density of 45 points per 0.01 km 2 . The corrected MFC, hereafter called MFC DEM ref , has been used as a reference elevation model in this work, since it turned out to be the most accurate elevation data set available for this study. The resolution was set from 0.15 m to 1 m, as this represented the best compromise between processing speed and detailed representation of the surface.
Finally, the following five data sets were used as input for the inundation model: SRTM (90 m 
Extraction of building polygons
Building polygons for the area between Ban Nam Khem and Nang Thong (Fig. 1) were derived from the MFC aerial imagery based on visual image interpretation and manual digitizing. Furthermore, an automatic approach using objectoriented image analysis was conducted within the project. However, due to limitations in the geometric accuracy of the extracted single buildings, the results were not used in this study. The automatically extracted polygons overestimated the built-up area by nearly 30 % in Ban Nam Khem.
Hazard analysis
The overall aim of the hazard analysis was to provide information on key parameters of the inundation process, such as inundation extent, water depth, flow velocities and fluxes, serving as a basis for tsunami risk and vulnerability assessment. To simulate and map inundation patterns, numerical tsunami modeling was performed by combining source and wave propagation modeling with NOAAs ComMIT tool Synolakis, 1995, 1998) and inundation modeling with MIKE 21 Flexible Mesh (DHI, 2009; www.mikebydhi. com) . In ComMIT predefined source units were used and adapted to the source mechanisms of the 2004 tsunami as well as for possible future scenarios for Thailand, according to Løvholt et al. (2006) . Tsunami wave generation, propagation and inundation were then modeled by connecting Com-MIT and MIKE 21 at an open boundary. Validation of the modeled inundation was performed by comparing the results to run-up measurements from a field survey team (Thailand Group, 2005 conditions and grids as well as validation can be found in Kaiser et al. (2011) in this issue. The first step in inundation modeling included the preparation of model grids from the different elevation data sets (see Fig. 3 ). The resolution of the flexible meshs in MIKE21 was chosen according to the resolution of the elevation data. However for the MFC and the MFC DEM ref , the resolution had to be reduced to 10 m (MFC) and 7 m (MFC DEM ref ) for computational reasons. For the former a coarser resolution of 10 m was necessary due to steep gradients occurring at the borders of landscape objects in the DSM leading to instabilities in the simulations. The final model grids were SRTM 90 m, SRTM corrected 90 m, ASTER GDEM 30 m, MFC 10 m (based on 1 m) and the reference model MFC DEM ref 7 m (based on 1 m). As the study area is characterized by dense coastal vegetation, bottom roughness was deemed to be important and was incorporated in the numerical model. To also account for changes in LULC, a LULC classification from 2003 and a LULC change map from 2005 were included. Bottom roughness was assessed by assigning Manning values calculated from field measurements and derived from literature (see Kaiser et al., 2011) to LULC data. As single buildings were not included in the LULC map of 2003, the extracted building polygons (Sect. 3.3.3) were incorporated afterwards and high roughness values were assigned to the building polygons (according to Gayer et al., 2010 , see Kaiser et al., 2011 . Figure 4 illustrates the workflow applied to analyze socioeconomic vulnerability. Due to the lack of data available at micro-level, surveys were conducted in Khao Lak and Ban Nam Khem. The households and companies were interviewed using a questionnaire that included questions on socio-economic or business status, exposed assets, additional information on the tsunami impact and on building information. This information was geocoded to connect it with remote sensing data. In the two study areas, 170 households were interviewed representing around 6 % of the total population, and 103 companies, representing 20 % of the total population. The totality of usage of buildings (exclusively commercial/exclusively residential building/mixed use) was assessed during a field mapping campaign (exclusively commercial/exclusively residential building/mixed use).
Socio-economic vulnerability analysis
First, a pre-analysis based on the survey data was conducted to assess if housing classes could be set up according to the type of houses clustered together or if each building has to be investigated separately. Therefore, Moran's index as a measurement tool for spatial autocorrelation was used. Moran's index showed significant random results for all socio-economic input variables (Dray, 2011) . These findings led to the conclusion that no spatial and social segregation among the households in the villages of Ban Nam Khem and Khao Lak exists. In the following each house was investigated separately. It was tested whether the socio-economic characteristics of one household are correlated with any Nat. Hazards Earth Syst. Sci., 12, 2103-2126, 2012 www.nat-hazards-earth-syst-sci.net/12/2103/2012/ characteristics of the dwelling unit (Wu et al., 2005) . Solely indicators applicable by remote sensing were used. Information on the "net dwelling area" of each building was derived from the MFC data using the building shapes. Building height was calculated by dividing the difference of MFC DSM and the MFC DEM ref by the average height of a storey. The roofing material was used as a second supporting indicator for the assessment of socio-economic indicators. The MFC aerial imagery was used to define roof color. Survey data showed that households living in houses with Gray roofs made of corrugated iron sheets have a significantly lower accumulation of consumable assets. Based on these findings, a regression model was developed by correlating socio-economic household characteristics and remote sensing indicators at the spatial level of dwelling units. Especially for houses with Gray roofs, the predicted number of household members increased strongly by nearly one more person. The household assets were calculated based on the distribution of population and the socio-economic status that was estimated through remotely sensed data (Table 3) .
Additionally, the business sector of the area was assessed. In terms of direct exposure, household income and property values were evaluated. Due to the limited sample size and the heterogeneity of the companies, six different business sectors were distinguished. Physical assets were allocated by creating percentile classes based on the survey data. These percentile classes were linked to significantly differing building sizes and to the business sector.
For the damage prediction, building shapes were combined with locational factors (height above mean sea level and distance from the coastline) of the potentially affected households and companies (Ruangrassamee et al., 2007; Reese, 2003) .
Long-term consumable assets and property values form the total amount of assets.
Covering the setting in the study area, specific damage prediction functions were developed using a structural equation model (Willroth et al., 2011; Smith, 1994) . This method allowed regressing formative factors set up by indicators. Pretsunami assets and the location (m a.s.l., Distance to coastline in meters) were regressed on the 2004 tsunami damage (Table 4 ). Separate models for the households and companies were developed (Willroth, 2012) . These models were applied to all households and companies in the study regions in order to create a map of the regional distribution of tsunami damage.
Ecological vulnerability analysis
Ecological vulnerability was assessed using multi-temporal IKONOS imagery combined with data collected during field investigations. The idea was to retrospectively assess the tsunami-induced impacts and recovery patterns of the www.nat-hazards-earth-syst-sci.net/12/2103/2012/ Nat. Hazards Earth Syst. Sci., 12, 2103-2126, 2012
exposed ecosystems for the 2004 tsunami, in order to better understand spatial characteristics of tsunami vulnerability and to estimate their main determining factors (Fig. 5) .
The exposure analysis involved the identification and regionalization of exposed ecosystems. First, valuable coastal ecosystems were defined based on expert judgment and field visits carried out in September 2007 and March 2008. Mangrove forests, casuarina beach forests, coconut plantations, mixed beach forests and melaleuca forests were selected as exposure units, due to their representativeness of the tropical coastal areas of Southeast Asia and their importance in providing essential ecological functions and services to the human and natural system (Chatenoux and Peduzzi, 2007; MEA, 2005 , Paphavasit et al., 2009 Plathong et al., 1997) . The ecosystems were regionalized using the LULC classification derived from IKONOS pre-tsunami imagery. The exposed areas were then identified based on the inundation map of the 2004 Indian Ocean tsunami (Sect. 3.4).
Tsunami sensitivity and resilience were estimated using a dual fold approach: first, change detection techniques and field investigations were used to assess tsunami-induced impacts and recovery patterns of the affected ecosystems. Second, change detection results were related to a set of independent variables in order to identify the determining factors of the spatial variability of these vulnerability proxies. The direct multi-date classification (DMC) and the change vector analysis (CVA) were used for the assessment of impacts. Whereas the CVA was based on the first two tasseled cap components greenness and brightness, the DMC involved a supervised maximum-likelihood classification using the red, green and near infra-red multi-spectral bands from both acquisitions dates (Horne, 2003; Johnson, 1994; Mas, 1999) . According to Clark et al. (2000) and Pimm (1991) , ecosystem recovery can be regarded as a measure of resilience and is defined as the rate and potential at which ecosystems reclaim their habitats by natural succession after being destroyed or removed by a tsunami. A combined approach of the CVA, as well as a vegetation recovery rate, were derived from the ratio of the two TNDVI differences (Transformed Normalized Vegetation Index) of two later and two earlier acquisition dates (2008 and 2005, respectively 2003 and 2005) . Training and test pixels used for accuracy assessments were selected from the pansharpened IKONOS imagery. In-situ data on vegetation recovery were collected in March and April 2009 and used to develop change detection methods and to interpret change detection results. Quantitative vegetation structure data of saplings in the examined ecosystems were collected, e.g. average diameter at knee height (m), stand height (m), stand density (ha −2 ) or ground cover of seedlings/saplings species were collected. Qualitative data comprised information on the tsunami impact, LU history, soil texture and community structure before and after the tsunami . A next step included the statistical relation of change detection results to a set of independent variables. The approach included correlation statistics and linear regression models. The following variables were considered: -Hazard variables: maximum total water depth above ground D G (m) and maximum current speed S C (m s −1 ), -Location variables: elevation above sea level E (m), distance to shoreline D S (m), distance to rivers D R (m), depth of topographic sinks S (m), inclination or geographic orientation of coastline I ( • ), intensity of human activities after the tsunami H (%),
-disturbance variable, A D ( %) to characterize the initial environmental conditions subsequently after the tsunami impact, -exposure unit variable, which represents the pretsunami state of vegetation structure, e.g. the forest age or stand density. Due to missing pretsunami in-situ data, the NDVI (NDVI) of the year 2003 image was used as a proxy indicator (Lu et al., 2006; Freitas et al., 2005) .
In order to evaluate the role remote sensing can play in identifying vulnerable areas in advance of a tsunami disaster, it was necessary that the independent variables can in principle be observed by Earth observation data. This basic requirement applies to I, H, D S , D R (in this study derived from available data layers), E and S (based on the MFC DEM ref ). A D , NDVI and the two dependent variables, impacts and recovery were directly derived from satellite imagery. Hazard variables, which were derived from inundation modeling, hold a strong causal or direct physical relationship to the observed tsunami impacts and thus were mainly used for verification purposes. E, S, I, D S , D R , D G , S C , and NDVI were considered for the impact assessment, whereas E, S, D S , D R , H , and A D were used for the recovery analysis. All variables were quantitatively represented on uniform quadratic 30 × 30-m grid cells.
Results
Hazard analysis
Comparing the five DEMs used for tsunami inundation modeling, significant differences could be observed mainly due to a LULC offsets (Fig. 6) . A profile taken in the study area demonstrates the LULC offset in the SRTM, SRTM corrected, ASTER GDEM and MFC compared to the MFC DEM ref . Particularly close to the shore, it becomes obvious how coastal forests exaggerate the terrain and thus inhibit inundation simulation in the model.
For a spatial comparison of the different elevation models, an accuracy assessment was performed for the original SRTM, the SRTM corrected, the ASTER GDEM and the MFC. The data sets were compared to the measured DGPS (Ludwig and Schneider, 2006) . For the original SRTM data, an RMS error of 7.81 m (Fig. 7) could be observed. This value compares well with the findings of Gorokhovich and Voustianiouk (2006) and their study for Phuket, Thailand as well as with the analyses by Falorni et al. (2005) . The correction of the SRTM data improved the elevation model significantly to an RMS error of 3.62 m, indicating that the procedure of correcting SRTM data by LULC information (see Sect. 3.3.1) was useful in our case. This needs to be confirmed for other areas. The correction performed best in homogenous vegetation patches of high density, e.g. mangrove forests. The error statistics for the ASTER GDEM reveal a lower RMSE of 3.92 m. Due to the high resolution, MFC accuracy was high along streets, but high elevation offsets occurred in vegetated areas. A comparison of the inundation maps based on the different elevation models (Table 5 and Fig. 8) shows that the inundation extent and water depths vary significantly for the same This means that only 1.15 % of the actually flooded area could be reconstructed when using the uncorrected SRTM data. The reason for this is the dense vegetation along the coast (mainly casuarina forests, mangroves and plantations), which acts as a barrier, inhibiting inundation during modeling when represented in the 90 m resolution. Only in large tidal inlets (large enough to be covered by a 90 m SRTM raster cell) inundation could be simulated. An underestimation of inundation when using the SRTM has also been observed in other studies. For example Li and Wong (2010) and NED data and found that inundation areas based on the SRTM cover only 60 % compared to the other DEMs. In contrast, for the SRTM corrected, the simulated inundation extent is much closer to the reference inundation, with an inundated area of 12 773 700 m 2 (88 % of the reference area). The modeled inundation, based on the ASTER GDEM run, produced good results regarding the inundation extent (13 180 500 m 2 , or 90.83 % of the reference area). However, a difference image (Fig. 9) between the ASTER GDEM inundation and the reference inundation shows that the distribution of water depths is not conforming to the reference inundation. It has to be taken into account that the ASTER GDEM contains artifacts (ASTER GDEM Validation team, 2009) that reduce its overall accuracy and cause restrictions for the application in inundation modeling.
Even the modeled inundation based on the high resolution MFC data is quite small, covering only 44.60 % of the reference inundation. As with the SRTM this is due to vegetation and buildings acting as barriers. Due to the high resolution of the elevation data, water penetration through landscape objects, such as single buildings, single trees or small groups of trees could be modeled, so that at least some flooding occurs. For the inundation extent it can be concluded that in the study areas corrections of SRTM and MFC DSMs are necessary to produce realistic inundation results. This is believed to be the same in all areas, where coastal forests dominate the landscape. In our case the ASTER GDEM produced promising results regarding the inundation extent. However, in order to assess the accuracy of the inundation based on the ASTER GDEM, this result needs to be confirmed in other study areas, due to the known limitations described above.
Simulations including the pre-tsunami roughness maps based (2003) and the post-tsunami (2005) LULC change map showed a slight influence of the LULC change on inundation depths and extents and strong influence on flow velocities. A detailed analysis of flow dynamics in the mangrove forest at Pakarang Cape showed that flow velocities increase significantly by up to 50 % after the Manning values had been adjusted to mangroves, which were destroyed by the tsunami . Changes in inundation patterns, i.e. mainly flow velocities, could also be observed in other areas, where LULC occurred due to the tsunami impact or human activities like deforestation or urban growth. These results suggest that LULC changes should be taken into account in the framework of a hazard analysis. Remote sensing based classifications are therefore considered essential to provide a multi-temporal and spatial distribution of LULC and eventually bottom friction. Eventually, based on corrected digital elevation models and land cover roughness, detailed hazard maps could be produced for the study areas. 
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Socio-economic vulnerability analysis
Basic indicators for economic vulnerability assessment are the exposed assets that consist of (a) the direct exposed elements, i.e. the amount of directly affected assets and (b) the economic elements that might trigger indirect effects in other economically connected regions (UNDP-BCPR, 2004; Smith and Ward, 1998; Cochrane, 2004) . The physical damage is limited to the tsunami inundation areas, but nevertheless the effects of the natural hazard spread out following the economic linkages, such as sales and supply connections or impact households by the reduction of wages and salaries. The region of Khao Lak will be discussed in detail here. The spatial setting of this region, with its high concentration of resorts along the coastline, influences the distribution of exposed assets. In case of devastation, high indirect effects will propagate to the connected households and companies and cause losses there as well. Figure 10 illustrates the distribution of damages on object level, as derived from the structural equation model. The total accumulated damage for the households in the area reached nearly 7 million Euro. This includes damage to buildings and long-term consumable assets. This damage was calculated using the damage function from the structural equation model, the pre-tsunami assets and the location indicators for each household. Hotspots for physical damage can be observed in the agglomerations of hotel complexes in the southern part of Khao Lak. In total, the damage to company property exceeded 90 million due to the high number of completely destroyed hotel complexes. Significant impact on residential buildings could only be observed along the main road in the village of Bang Niang and near Pakarang Cape. It is obvious that the hotel business in the area dominated the total damage, with an average loss per square meter more than twice the amount of the residential buildings. Table 7 illustrates the results of the exposure, impact and recovery analysis. The results on tsunami impacts originated from the DMC, which emerged as the more efficient tool for damage assessments in comparison to the CVA. Regarding the recovery assessment, the combined approach of CVA turned out to be more useful for a qualitative assessment in comparison to the TNDVI-based approach and thus was considered in this table (Roemer et al., 2010; Römer et al., 2011) . Figure 11 shows a map of the socio-economic and ecological exposure, exemplified for the Khao Lak area.
Ecological vulnerability analysis
Mangrove forests were the least exposed ecosystem, which is mainly due to their occurrence in sheltered estuary areas in the south, which were largely protected from tsunami impacts. Field data revealed slow recovery processes indicated by low growth rates. Furthermore, changes in community structure with abundances of Casuarina equisetifolia indicate disturbed habitat conditions and a low adaptive potential to changing environmental conditions. Casuarina beach forests form narrow forest stands on beach ridges near the shore. These characteristics rendered them the most exposed and susceptible ecosystem. Furthermore, high damage values and a relatively small recovery area were observed. Low recovery values were partly the result of post-tsunami human activities that took place in the initial forest areas and second, a land-ward shift of vegetation due to coastal erosion. A high invasive potential of Casuarina equisetifolia, high growth rates and a high stability in species composition make casuarina beach forests very resilient. Observed impacts in coconut plantations were very likely overestimated due to man-made activities that took place between 13 January 2003 and the tsunami event. Field observations revealed that coconut trees were only directly impacted near the shoreline (less than Nat. Hazards Earth Syst. Sci., 12, 2103-2126, 2012 www 100 m), so that the actual impacted plantation area can be estimated with 5-10 %. Due to their artificial character, coconut plantations did not recover to their initial community structure. Tsunami impacts in melaleuca and mixed beach forests were relatively low and hardly any long-term tsunami effects could be noticed in the field Peduzzi, 2005, Duke, 2006; Römer et al., 2011; Whistler and Elevitch, 2006) . Table 8 and Fig. 12 show the results of the correlation analysis for the mangroves and mixed vegetation cover class, comprising all vegetated areas in the study area. Regarding the impacts in mangroves, the most important vari- own field observations and those of Paphavasit et al. (2009) and Yanagisawa et al. (2009) . A relatively high contribution of the pre-tsunami NDVI implies that impacts were likely more pronounced in low density forest areas, e.g. dwarf mangroves in the outer mangrove fringes. Regarding the mixed vegetation cover class, tsunami impacts were generally best correlated to S C (r = 0.54), E (r = 0.50), D G (r = 0.48) and D S (r = −0.48).
Spatial patterns of tsunami impacts and recovery
Recovery potential in mangroves was mainly determined by A D (r = −0.53) and E (r = 0.48) confirming the field observations of the author: particularly in the high impacted areas near the coast, creeks and in depressions, growth processes could only set in after the eroded sediments and organic matter had been restored. Furthermore, mangrove succession usually starts from the inner, less impacted and slightly more elevated areas with higher abundances of mature trees acting as growth points for forest renewal (Adger et al., 2005) . Only low coefficients could be detected for the mixed vegetation cover class, implying that the determining factors for recovery processes differ much among the investigated ecosystems. As the coastal area is intensely influenced by human activities (e.g. tourist industry or aquaculture), it was assumed that these negatively affect ecosystem health and their recover potential. As it was described in Roemer et al. (2011) , these effects need to be investigated for larger study areas, and their influence on vegetation recovery could not be clearly proved by the selected statistical approach.
Multiple regression models applied for the mangrove ecosystem (Table 9) reveal that tsunami impact and recovery patterns can be roughly predicted using location, exposure and disturbance variables. It is indicated that a substitution of 
0.43 Impact Hazard, Exposure n/a n/a n/a n/a n/a +0.40 +0.16 n/a n/a 0.33 Impact Location, Exposure −0.39 −0.12 −0.11 +0.05 −0.37 n/a n/a n/a n/a 0.50 Recovery Location, Disturbance +0.08 +0.09 +0.37 n/a n/a n/a n/a −0.50 +0.18 * Variance Inflation Factor (VIF) was considered in order to avoid multicollinearity among independent variables. location variables by hazard variables led to clear improvement of the model quality. Further statistical results for the other ecosystems are described in Römer (2011) .
Discussion
This paper highlighted the potential of applying remote sensing for tsunami hazard and vulnerability analysis. Referring to the major research challenges raised in section 1, this study provided substantial information on the value and accuracy of different remotely sensed data and methods to support hazard and vulnerability assessments on a local scale. Furthermore, the study led to some conclusions on the transferability and robustness of the conducted methodological approaches to be discussed in this section.
As an integrative finding it can be concluded that remotely sensed data and their derived products support the geo-spatial assessment of (a) tsunami hazard, in particular through the provision of input data required for inundation modeling and (b) tsunami vulnerability, through the possibility to regionalize and predict socio-economic in-situ data and to spatially investigate the exposure assets as well as the sensitivity and resilience of coastal ecosystems. In particular the basic geodata, including LULC, building polygons and DEMs served as a crucial data source in all of the three case studies on hazard and vulnerability assessment. However, despite using high resolution imagery, it can be concluded that an accurate assessment of vulnerability cannot be done with remote sensing techniques alone. Thus, a significant potential of remote sensing can be seen in providing added value through the combined use of Earth observation technology and other methodologies, such as field investigations and data collections, statistical approaches and inundation modeling.
Hazard analysis
Results of the hazard analysis show that remote sensing data and techniques are essential to provide input data necessary for a spatially explicit hazard analysis. The most important application of remote sensing in the hazard analysis is the generation of digital elevation models and of (multi-temporal) LULC maps, which can be transferred into roughness maps accounting for bottom roughness in a numerical tsunami inundation simulation.
Although DEMs based on remote sensing data come with some inaccuracies compared to DGPS measurements, they have the advantage of representing the spatial distribution of land elevation, even for larger regions. Since inundation of low-lying areas is normally in the order of magnitude of decimeters to few meters, a high accuracy of the topographic data used in a numerical model is necessary for simulating inundation and for deriving water levels accurate enough to estimate possible damages to e.g. buildings. Only the highresolution data (MFC data in this case) allow for this very detailed and accurate inundation modeling in our local study. Since the original data also included buildings in their height description, processes related to obstacles could also be analyzed. However, with respect to transferability and applicability, the use of these data is hampered by e.g. costs, the grid point restriction in numerical models, and the computational demands. If only the inundation extent is required and objectbased analysis of water depths and velocities (e.g. at buildings, in rivers or small terrain variations) is not the purpose of an analysis corrected SRTM or ASTER data would be suitable. However, the vegetation offset in remote sensing-based DSMs shows significant influence on the modeled inundation patterns, mainly leading to an underestimation of the inundation extent. The problem also occurs in urban areas (not shown in this paper), where dense settlement structures may lead to height offsets in the DSMs. Therefore, when applying e.g. SRTM data in inundation modeling, land cover offsets have to be considered and (if necessary) removed. Although this phenomenon is well known, SRTM data are widely used for inundation modeling in the absence of better data in many parts of the world and in regional and global studies. With detailed LULC information derived from remote sensing data, corrected DEMs can be generated, which could then improve modeling results. Although this methodology generated promising results for homogenous LULC classes, some restrictions became obvious: the vegetation heights to be subtracted are mean vegetation heights per LULC class. Also the height information in the SRTM raster cell is a function of the underlying earth's surface, which might vary within a cell and lead to inaccurate height information. It must also be noted that the LULC classification is based on 2003 imagery, while SRTM data were collected in 2000, when LULC may have been different.
Our study did not reveal a clear evaluation of the ASTER GDEM, since artifacts and height offsets could not be removed. The results from the inundation simulation based on the ASTER GDEM provided promising results for the inundation extent, but the results showed deviations of the local water depths compared to run-up measurements and compared to the simulation with the reference DEM. Further investigations need to be made in other study areas.
Inundation patterns may change when LULC changes, e.g. by a previous destructive flood event or human-made changes such as deforestation or urban growth. Remote sensing-based LULC classifications and change detection techniques based on optical images have proven to be useful tools to gain information on the spatial distribution of LULC and its temporal variations.
Socio-economic vulnerability
For the extrapolation and assessment of socio-economic vulnerability indicators, the application of remote sensing data offers large potential in terms of improving the accuracy and extending the spatial coverage. In this paper a regressionbased approach was developed, which builds up on remote sensing data combined with information collected during a field survey. The advantage of combining these two data sources lies in the possibility of achieving an exposure and damage analysis for every object in the surveyed area. Without integrating remotely sensed data, the representativeness of the survey would have been limited to the community scale. Therefore, the survey was designed in order to meet two requirements: (a) to be representative for the community level and (b) to allow the application of remote techniques. The latter was realized by considering geo-features, observable by means of remote sensing, such as building types and roof characteristics (Willroth, 2012) .
Furthermore, it can be demonstrated that the accuracy of these methods can be significantly increased using a regression-based approach at building level compared to a dasymetric mapping method supported by secondary statistics. The comparison between the approach used in this paper and the dasymetric mapping carried out by Tiffert (2010) shows an agreement in population numbers with a difference of less than 10 %. This can be explained by the use of official statistics in the dasymetric mapping. However, spatial accuracy differs significantly among the two approaches, due to the assignment of population density figures to LU classes, which include the study area of Ban Nam Khem 0.8 km 2 with around 180 buildings. Here the regression-based approach can show the major advantage of assigning the population accurately to each of the single houses.
Therefore, the costs of small-scale surveys can be acceptable in order to improve exposure and damage assessments. The extraction of indicators from remote sensing and survey data allows the development of shorter questionnaires and therefore the reduction of time and costs. Combining the regression-based approach with a hazard simulation allows a prediction of the damage. The use of regression-based analysis allows an application of the method for various types of houses and is therefore an improvement compared to applying mean values for households (Niebergall et al., 2008; Taubenböck et al., 2009) .
On the other hand the limitations of this method are given by the underlying regression equations that might produce an over-or underestimation for the exposed assets and population as well as for the amount of damage, due to unexplained variance of the models. Furthermore, the approach depends on accurate data input from both survey and remote sensing data. The lack of precision in only one data source can strongly affect the results, since the models build on each other. Furthermore, the model relies only on indicators that are accessible using remote sensing, such as building characteristics. As a consequence the R 2 of the models shows a relatively low fit. Despite that, the models provide a valuable contribution towards a damage function, relying on remote sensing databases with minimal input from ground surveys. This could help to create damage functions tailored for the specific setting in the area that should be surveyed (Smith, 1994) .
Ecological vulnerability
Ecological vulnerability was investigated based on a retrospective approach by combining object-oriented image classification, change detection and field investigations. The results served as a basis to investigate the main determining factors of the observed impacts and recovery patterns. Regarding the aspect of transferability, the combination of object oriented image classification and change detection turned out as an effective method combination: The classification results were not only useful for regionalizing exposure assets, but also for supplying the change detection application with accurate pre-disaster information and for performing a zone-based change detection. In contrast to the postclassification comparison, which can provide a full matrix of LULC changes, only one classification step was conducted in this study. This aspect makes this approach particularly transferrable (Lu et al., 2006) .
From the statistical approach it can be concluded that remote sensing techniques can be used for a preliminary spatial assessment and prediction of vulnerable areas. Similar to the change detection approach, a crucial element is the availability of a reliable and accurate spatial data set on coastal ecosystems or LULC. The high spatial resolution of IKONOS imagery was necessary to extract the small patches of casuarina forests or the high textured coconut plantations. Nevertheless, a minimum of field data is a premise for creating accurate LULC information. If accurate LULC data were available, geo-features derived from remotely sensed data (e.g. elevation, rivers, coast line, LC changes) could be used to identify vulnerable areas in advance of a tsunami disaster (Nassel et al., 2006; Villa and McLeod, 2002) . This makes this approach interesting and useful for other tsunami-prone areas, particularly those that are difficult to access and where accurate geo-data are rarely available. However, any predictions of vulnerability must be ecosystem-specific.
The statistical approach revealed that vulnerability is partly determined by extrinsic variables, as represented by location and disturbance variables. However, a comprehensive understanding and assessment of vulnerability requires also a good knowledge on the intrinsic vulnerability components, such as ecosystem health, functioning and resilience. These components require comprehensive ecological studies, comprising field work or laboratory analyses for longer time periods. However, a potential of applying remote sensing to assessing intrinsic (system-specific) vulnerability components can be seen as regarding the analysis of tsunami sensitivity: information on the pre-tsunami vegetation structure, such as stand density, stem thickness and age composition are important measures of forest susceptibility (Tanaka et al., 2007) . These data can be collected on a sample basis in advance of a tsunami event and related and regionalized with the help of remotely sensed data. Due to the start of this study in 2008, this issue could not be further investigated. Promising approaches for a spatial estimation and quantification of tree and stand characteristics using optical and LIDAR data are described in Forzieri et al. (2012) , Freitas et al. (2005) and Smith et al. (2004) .
The synergy between in-situ data collection and remote sensing became also evident regarding the retrospective analysis of recovery patterns: Without in-situ data, recovery information observed from satellite imagery could not have been fully understood, e.g. in terms of changes in community structure or colonization processes. In contrast, without change detection, the area of recovery and the spatial patterns (e.g. the land-ward shift of casuarina beach forests) would remain unknown.
Further potential of remote sensing can be seen in the possibility to link the spatial data on exposure, impact and recovery to other information on ecological vulnerability derived from other sources. In this context, a detailed database on the state and temporal changes of ecosystem services and functions for major LULC classes was created for the study area in 2010 based on expert interviews. This information can be regionalized with the exposure and LULC map and also with the damage and recovery information provided by change detection. This synergistic approach would allow the estimation of regional losses and gains in ecosystem services as well as the social components of ecological vulnerability (Adger et al., 2005) .
Conclusions
This study has provided a detailed overview of the extent to which remote sensing can support tsunami hazard and vulnerability analysis. Following an inductive approach applied for a small case study area, a comprehensive framework was adopted comprising the analysis of hazard and the social, economic and ecological aspects of vulnerability. The underlying idea was to use the 2004 tsunami event, for developing an in-depth understanding of the spatial characteristics of tsunami hazard and vulnerability and to gain practical knowledge on the benefits of using Earth observation data and derived products. The study confirms to some extent the findings of Taubenböck et al. (2008) , providing a broad overview on the risk indicators that can be observed by means of remote sensing. In addition, it has provided a more in-depth understanding on the application of Earth observation data for certain aspects in tsunami hazard and vulnerability analysis. Potentials of this study might be seen in -the adoption of a comprehensive vulnerability framework, where social, economic and ecological aspects of vulnerability were considered to an equal degree,
-the comprehensive evaluation and cross-comparison of different DEMs in context of tsunami hazard analysis and -the availability of a sufficient amount of in-situ data (e.g. DGPS points, geo-coded photos, field survey data on socio-economic key features of vulnerability, field measurements on ecosystem recovery), providing a reliable source to evaluate remote sensing techniques in terms of accuracy or in applying them for synergistic purposes.
It can be concluded that LULC data, building polygons and DTMs as derived from DSMs turned out to be effective tools, which significantly improved the accuracy of a spatial investigation of tsunami hazard and tsunami exposure. Regarding the socio-economic vulnerability, several socioeconomic indicators, such as the education level or income diversification and other socio-economic assets influencing the resilience perspective of households and companies are not yet derivable from Earth observation data and still require the collection of survey data. It was also demonstrated that multi-temporal image analyses allow for a retrospective analysis of ecological vulnerability. Tsunami-induced impacts on ecosystems, which were used as an indicator to assess tsunami sensitivity, can be partially explained by locational factors (e.g. distance the shoreline, elevation a.s.l.). Additionally, the change detection results can be used to predict ecosystem recovery. However, a future challenge in this context will be the identification of robust measures or indicators for ecological resilience by means of remote sensing.
